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Within the item response theory (IRT) framework, this study compared cross-culturally 
different approaches to the assessment of differential item functioning (DIF) in two personality 
tests of the Comprehensive Personality Scale (Wang, 2013). A dominance IRT model (SGRM) 
and an ideal point model (the GGUM) were applied within the NHST paradigm, due to the 
debate over which is the more appropriate model for personality research. Nye’s (2011) DIF 
effect size measure was also used in the current study to overcome the oversensitivity of NHST 
to large sample size. Participants from the U.S. (n = 861) and China (n = 1023) responded to two 
personality scales from the CPS: the Well-being scale, and the Curiosity scale. Results indicated 
that SGR was applicable for DIF assessment, but the NHST paradigm was so sensitive to large 
samples that even trivial DIF could be significant. GGUM failed to work in the DIF analyses due 
to ill-conditioned matrices. The DIF effect size measure compensated for the NHST method by 
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Personality traits are important to the field of Industrial and Organizational Psychology in that they 
have been proved to predict a variety of work-related outcomes, including turnover (Salgado, 2002), task 
performance (Barrick & Mount, 1991; Salgado, 1997; Hrutz & Donovan, 2000; Hogan & Holland, 2003), 
organizational citizenship behavior (OCB; Borman, Penner, Allen, & Motowidlo, 2001), 
counterproductive work behavior (CWB; Donnellan, Spilman, Garcia, & Conger, 2014), leadership 
(Judge, Bono, Ilies, & Gerhardt, 2002), and job satisfaction (Judge, Heller, & Mount, 2002). In personnel 
selection, their good criterion-related validity along with their weak correlation with intelligence (Tett, 
Jackson, & Rothstein, 1991) have made personality tests an ideal supplement for intelligence tests. 
However, comparisons across groups are meaningless if the test is lacking measurement equivalence 
(ME; Drasgow & Kanfer, 1985). Without ME, it’s hard to know if an observed mean score difference is 
due to true group differences or to relationships that vary across groups between the latent variable and 
the observed scores (Raju, Laffitte, & Byrne, 2002). According to Drasgow (1984), ME is obtained when 
participants from different groups have the same expected observed score as long as they were at the 
same latent trait level. Testing for ME in cross-cultural personality tests is essential given measurement 
non-equivalence has been found in items on a variety of cross-cultural personality tests, including the 
English-language version of the Trier Personality Inventory (TPI; Elllis, Becker, & Kimmel, 1993), the 
English-language version of the NEO Personality Inventory (NEO-PI; Huang, Church, & Katigbak, 
1997), the Big Five Mini-Markers (Saucier, 1994; Nye, Roberts, Saucier, & Zhou, 2008), and the 
Rosenberg Self-esteem Scale (Baranik, Lakey, Lance, Hua, & Meade, 2008). The prevalence of 
measurement non-equivalence in personality tests makes it necessary that we always assess ME before 
scores are compared across groups or any selection decisions are made based upon these scores. 
 The two major approaches to the study of ME are Confirmatory Factor Analytic (CFA) mean and 
covariance structure (MACS) analysis, and Differential Item Functioning (DIF). The former examines 
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whether a common factor model exists across groups (Raju et al., 2002) and focuses on testing three 
levels of measurement invariance, which are configural, metric, and scalar invariance (Vandenberg & 
Lance, 2000). According to Horn and McArdle (1992), configural invariance should be achieved before 
the other two types of measurement invariance can be tested. Configural invariance is the weakest type of 
ME, and it tests for the existence of the same number of factors and similar loading patterns across 
groups. Metric invariance refers to factor loadings being invariant across groups. Scalar invariance, the 
strongest form of invariance of the three, implies that, in addition to metric invariance, when items are 
regressed on latent variables, they have the same intercepts across groups (Steenkamp & Baumgartner, 
1998).  
 The alternative approach to studying ME is IRT-based differential item functioning (DIF). DIF is 
different from the CFA approach in several ways. First, CFA tests the three different types of ME one 
after the other, while the IRT DIF tests the invariance of item discrimination (analogous to factor loadings 
in CFA) and location parameters (analogous to intercepts in CFA) at the same time. This is to say that 
under the DIF approach, metric and scalar invariance are tested simultaneously (Stark, Chernyshenko, & 
Drasgow, 2006a). Second, the nonlinear relationship posited by IRT between the latent construct and the 
true score at item/subscale level is equally tenable (when responses are polytomously scored) or even 
more appropriate (when responses are dichotomously scored) than the linear relationship assumed by the 
CFA approach (Raju et al., 2002). Third, differential test functioning (DTF) in the IRT context takes into 
consideration the possible compensatory nature of DIF (Raju, van der Linden, & Fleer, 1995; Raju et al., 
2002), an issue that’s rarely discussed in the CFA context. Fourth, in IRT, besides item parameter 
estimates, we are also able to obtain the item characteristic curves (ICCs). These plots provide extra 
information, such as whether the DIF is uniform or non-uniform (Wang, Tay, & Drasgow, 2013), which 
can help us to identify the source of DIF (LaPalme, Wang, Joseph, Saklofske, & Yan, 2016). Lastly, 
within the IRT framework, we can assess DIF using an ideal point model, which some previous studies 
have found to be more appropriate for self-report attitude and personality assessment (Chernyshenko, 
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2002; Stark, Chernyshenko, Drasgow, & Williams, 2006b). Therefore, in the current study, we examined 
ME via the IRT-based DIF approach.  
Model selection is the first and probably the most important issue when adopting the IRT approach. 
The dominance model is widely accepted and used for IRT analysis. It derives from Likert’s (1932) 
approach to analyzing rating scales, and assumes that the higher a participant’s trait level, the more likely 
she will answer positively. But it doesn’t mean that the ideal point model should be neglected. Drasgow, 
Chernyshenko, and Stark (2010) pointed out that the approach deriving from Thurstone (1928) was 
superior to the dominance model for personality assessment by successfully modelling intermediate item 
responses and having better model-data fit. Also, as discussed above, the ideal point model was found to 
be more suitable if the trait assessment is self-reported (Tay & Drasgow, 2012). We are unable to find any 
cross-cultural DIF studies for personality tests that have successfully compared empirically the 
performance of the two types of IRT models. LaPalme and colleagues (2016) had to drop the ideal point 
model from the DIF analysis for an emotional intelligence (EI) measure, and proceeded with only the 
dominance model because of the severe misfit of the Generalized Graded Unfolding Model (GGUM), a 
type of ideal point model that has been widely used. The bad fit, according to the authors, was probably 
due to the fact that the Wong and Law Emotional Intelligence Scale (WLEIS; Wong & Law, 2002) that 
they used was an ability measure rather than a trait measure. O’Brien and LaHuis (2011) examined DIF 
for personality tests under both the dominance and the ideal point model, but the comparison was between 
a group of applicants and a group of incumbents, rather than groups from different cultures. In Carter, 
Dalal, Zickar, and Adams (2009), the DIF approach was applied under the GGUM to examine the effects 
of vague quantifiers, but no comparison was done between different IRT models.  
Under both the dominance model and the ideal point model, DIF detection adopts the null hypothesis 
significance testing (NHST) paradigm, which provides information on only the existence but not the 
magnitude of DIF. Item selection decisions based solely on this paradigm could lead to deleting items 
with statistically significant yet trivial DIF that is barely meaningful. This is especially likely when the 
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sample size is large. In order to have a more accurate understanding of the effects of DIF, we also used a 
DIF effect size measure (Nye, 2011) in our study. 
In summary, the current study intended to examine measurement equivalence of some scales of the 
Comprehensive Personality Scale (CPS; Wang, 2013) via an IRT DIF method. The analysis was done 
across American and Chinese cultures. Samejima’s Graded Response (SGR; Samejima, 1969) model was 
applied in the dominance IRT model framework, while the Generalized Graded Unfolding Model 
(GGUM; Roberts,!Donoghue, & Laughlin, 2000) was applied to represent the ideal point model. We 
examined model-data fit first under both models. Via NHST we assessed DIF with both models, and DIF 
effect sizes were computed to obtain DIF magnitude. Finally, we evaluated the existence and effects of 
intermediate items on model-data fit through item characteristics (ICC) and item paramters before and 
after the responses were dichotomized. 
The Comprehensive Personality Scale (CPS) 
The CPS is a result of years of work in Dr. Fritz Drasgow’s lab, and it was developed using the ideal 
point scale construction approach (Wang, 2013; Chernyshenko, Stark, Drasgow, & Roberts, 2007). The 
CPS consists of 440 items that cover a full set of 22 personality facets derived from the traditional Big-
Five Personality Model. For example, the extraversion dimension was extended to the dominance, 
sociability, excitement, and energy facets. More than 100 items were originally written for each facet, and 
20 of them were carefully selected to represent each facet. In terms of item extremity, each facet has 
approximately equal numbers of statement reflecting high, medium, and low trait levels (Wang, 2013).  
Measurement Equivalence of the CPS 
Wang (2013) conducted DIF analysis for the complete CPS across two American groups 
(undergraduate students and MTurk workers). The analysis was carried out under the GGUM only. We 
haven’t found any studies investigating ME of the CPS in a cross-cultural setting, and comparing the 
performance of the dominance IRT model vs. the ideal point model. Therefore, in the current study, we 
assessed ME of two of the CPS scales across two cultures under two different IRT models.  
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Different Assumptions Underlying the Dominance and the Ideal Point Models 
Item response theory (IRT) is an alternative to classical test theory (CTT). Unlike CTT, whose 
analysis unit is the whole test (Hambleton, Swaminathan, & Rogers, 1991), IRT focuses on individual 
item responses and connecting them with the latent trait measured by the test (Drasgow & Hulin, 1990).  
There are two major types of IRT models, one is the dominance model, and the other is the ideal point 
model. The 2-parameter logistic model (2PLM) and Samejima’s (1969) Graded Response Model (SGRM) 
are two representative dominance models for analyzing dichotomous and polytomous personality 
measures, respectively. For the ideal point model, the General Graded Unfolding Model (GGUM; Roberts 
et al., 2000) has gained a lot of attention recently. The difference between the dominance model and the 
ideal point model lies in their assumptions about response processes. The dominance IRT methods, 
deriving from Likert’s 1932 rating scales development and analysis approach, assume that the higher the 
respondent’s trait level, the more likely she will answer positively (Drasgow et al., 2010). Whereas the 
ideal point methods, inspired by a series of Thurstone’s (1927, 1928, 1929) studies on measuring 
attitudes, hypothesize that the closer the statement is to a respondent’s trait level, the higher the 
probability of endorsement (Drasgow et al., 2010).  
The dominance IRT models: 2PLM and SGRM  
In personality tests, the 2-parameter logistic model (2PLM) and Samejima’s Graded Response model 
are two very widely used IRT models. The 2PLM is applicable to dichotomous responses, while SGRM 
deals with polytomous response data.  
The item response function (IRF) for the 2PLM is:  
 !"# $ = # &'( )*+ ,-.+#/0&'( )*+ ,-.+# #, 
 
where Pi (θ) is the probability of a random respondent correctly answering Item i correctly.  
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There are two item parameters in a 2PLM. ai is the discrimination parameter that represents the 
degree to which an item separates latent adjacent trait levels (Maurer, Raju, & Collins, 1998). The larger 
ai is, the steeper the IRF will be. bi is the difficulty parameter. It is the point on the latent trait (θ) scale 
where the probability of a correct response is equal to 0.5. The larger the difficulty parameter, the harder 
the item. D is the scaling factor that lets the logistic function resemble as close as possible the normal 
ogive curve, and is usually set equal to 1.702 (Valbuena, 2003).  
Samejima’s (1969) Graded Response (SGR) model is an extension of the 2PLM (Kosinski, 1999) and 
one of the most popular polytomous models in personality research. Under SGR, a polytomous response 
is broken down to a series of binary response sets by boundary response functions (BRF), which are 
obtained by successively merging response options (Kosinski, 1999). The probability of a respondent 
with a trait level equal to $ selecting response option k equals the probability of endorsing response 
option k and higher minus that of endorsing response option k+1 and higher. The probability of selecting 
option k on item i is given by: 
!",2# $ = # 11 + exp −9:; $ − <;,=# −# 11 + exp −9:; $ − <;,=+1#  
 
The item paramters (ai, bi,k) and scaling constant (D) mean the same as in 2PLM.  
The ideal point model: General Graded Unfolding Model (GGUM) 
The ideal point models are not as well developed as the dominance models. Among the few ideal 
point models, the most employed is the the Generalized Graded Unfolding Model (GGUM; Roberts et al., 
2000), which is applicable to both dichotomous and polytomous response data. As discussed above, ideal 
point models assume a response process different from dominance models. The GGUM, according to 
Roberts et al. (2000), was developed based on four basic premise about the response process. The first 
premise is that an individual tends to agree with the item with trait level that’s close to her own trait level. 
The second premise is that a respondent disagrees with an item because the item trait level is either higher 
or lower than her own trait level. Similarly, a person closer to an item on the latent trait continuum can 
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also agree with this item from either above or below. The third premise is that subjective responses (not 
observed responses) to attitude statements follow a cumulative item response model. The last premise is 
that an individual is equally likely to agree with an item located either h unites above or below her 
position on the attitude continuum. Developed from the four premises above, the formal definition of the 
GGUM is: 
  P# ?" = @# #$A#]
= # exp C" @ $A −#D" −# E"2F2GH + exp C" (J − @) $A −#D" −# E"2F2GH{exp#{MNGH C"[P $A −#D" − E"2N2GH ]} + exp#{C" J − P $A −#D" −# E"2N2GH }} 
 
This function gives the probability associated with the jth respondent’s observable response to the ith 
item.  Zi is the observable response to item i, and z ranges from 0 to C, with 0 standing for the strongest 
level of disagreement, and C standing for the strongest level of agreement. C equals the number of 
response options minus 1. M equals 2*C+1, representing the number of subjective response categories 
minus 1. αi is the discrimination parameter, and δi is the location parameter of item i on the latent trait 
continuum. τik is the location of the kth subjective response category threshold on the theta continuum 
relative to the location of the ith item. The τiks are symmetric about the point (θj - δi) = 0.  
Model-Data Fit   
The dominance models are predominant in scale development and analysis, but generally work 
consistently well only in the context of cognitive ability testing (Chernyshenko, Stark, Chan, Drasgow, & 
Williams, 2001), because this is a domain where a respondent’s capacity or maximum performance 
capability is pitted against the extremity of difficulty of an item (Drasgow et al., 2010; Stark et al., 
2006b). In an ability test, a respondent with a high ability is expected to perform well because she is 
likely to dominate all the easy and moderately difficult items (i.e., getting them all correct), and get some 
of the hardest items correct (Drasgow et al., 2010). 
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However, when the studied field moves from ability to personality, the dominance models sometimes 
show inadequate fit. In fact, before the GGUM (Roberts et al., 2000) was developed, several studies had 
already realized the unfolding property of some attitude statements (van Schuur & Kiers, 1994; Andrich, 
1996; Roberts, Laughlin, & Wedell, 1999), which didn’t quite fit the monotonically increasing response 
function of dominance IRT models. One year after the GGUM was proposed, Chernyshenko and 
colleagues (2001) fitted a variety of IRT dominance models (2PLM, 3PLM, and SGRM) to data obtained 
using Goldberg’s Big Five Factor Markers (Goldberg, 1992), and the 16PF (Conn & Rieke, 1994). 
Surprisingly, all of the dominance IRT models showed misfit, and the chi-square fit statistics obtained 
were generally larger than those seen for cognitive ability tests. This was probably because in personality 
tests, a different response process was applied which requires introspection (Chernyshenko et al., 2007). 
To be more specific, when people are considering personality items, they ask themselves “Does this 
statement closely describe me?” Therefore, the maximum probability of endorsement is achieved only 
when the item trait level matches the individual’s trait level, and the probability of endorsement decreases 
as the distance increases between the item and individual’s trait levels (Drasgow et al., 2010). This is the 
“unfolding technique” described by Coombs (1964), who coined the phrase “ideal point”. The unfolding 
property of items was proved by applying Levine’s (1984) maximum likelihood formula score model 
(MFSM). MFSM is a nonparametric IRT model, so it does not require an item to be logistic or monotonic 
to fit. It turned out that for item doubles and triples, MFSM showed better fit than the two logistic models, 
and more importantly, some of the items were found to have violated monotonicity, the hallmark of 
dominance models (Levine, 1984; Drasgow et al., 2010). Broadfoot (2008) showed that the GGUM had 
comparable fit with a partial credited model for conscientiousness and agreeableness data. Stark et al. 
(2006b) compared the fit to data of the 16 PF (Conn & Reike, 1994) for two ideal point models (GGUM 
and MSFM) with that for two dominance models (2PLM and MSFM with a dominance constraints). They 
concluded that ideal point models could fit personality items as well or even better than dominance 
models, because they were able to fit both monotonic and non-monotonic items, the latter of which 
dominance models didn’t seem to handle well.  
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But the conclusion that in personality tests, the ideal point model has better fit than the dominance 
model is not consistent across studies. Kosinski (2009) applied polytomous GGUM and SGRM to the 
Extraversion scale from the Goldberg’s 100-item Big Five personality questionnaire (Goldberg, Johnson, 
Eber, Hogan, Ashton et al., 2006), and found that GGUM had worse model-data fit than SGRM. Attempts 
to improve the fit by removing poor fit items were successful for SGRM but not for GGUM.  
Researchers also obtained different results on the model-data fit effects of non-monotonic, or 
intermediate items. For example, GGUM had worse fit than SGRM when there were no intermediate 
items on the test, and did not show significantly better model-data fit than SGRM until 50% of all items 
on the test were carefully selected, good intermediate items (i.e., items that have high α and close-to-zero 
δ under GGUM and low a-parameters under SGRM; Cao, Drasgow, & Cho, 2015). In a more recent 
study, Speer, Robie, and Christiansen (2016) fitted SGRM and GGUM to both monotonic and non-
monotonic conscientiousness and extraversion scales. They found that GGUM and SGRM fitted almost 
equally well for item singles, but that SGRM surpassed GGUM for items doubles and triples for all types 
of scales, even the non-monotonic scales.  
Considering the inconsistent results and ongoing debate over the fit between the two types of IRT 
models and personality data, in the current study, we adopted both the dominance and the ideal point 
models. To be more specific, we chose the 2PLM and SGRM to represent the dominance IRT models, 
and polytomous and dichotomous GGUM to represent the ideal point models. 
DIF detection in the IRT framework 
In the current study, we utilized two paradigms to study DIF: (a) the null hypothesis significance 
testing (NHST) paradigm, and (b) the DIF effect size paradigm.  
 The NHST paradigm is the most popular approach to studying DIF. Under this paradigm, a null 
model and an alternative model are constructed and compared, and if the test statistic computed is 
statistically significant, then the studied item is considered a DIF item (Wang et al., 2013). We used two 
approaches to build the models: (a) the constrained baseline approach, and (b) the free baseline approach. 
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We also chose the log-likelihood ratio (LR) as the test statistic for model comparison, because the LR test 
was shown to have yielded the best results in general (Wang et al., 2013). 
The Constrained Baseline Approach. The null model is constructed by constraining the parameters of all 
items to be equal across groups. A series of alternative models are then constructed by freeing one item at 
a time. All alternative models are compared with the null model by comparing the log-likelihood, and the 
item has DIF when the alternative model has the greater log-likelihood and the difference of log-
likelihood chi-square statistics exceeds a critical value (Wang et al., 2013). Due to the inflated Type I 
error rate of the constrained baseline approach (Stark et al., 2006a), if an item is considered free of DIF, 
then it’s safe to say that the item is a truly DIF-free. Such an item should be used as a linking item in the 
free baseline approach, so that across groups, the other items can be put on the same scale. This is 
necessary given the fact that the measures in the current study are relatively short ones containing 20 
items each (Lopez Rivas, Stark, & Chernyshenko, 2009). 
The Free Baseline Approach. The free baseline approach is preferred for detecting DIF items, because of 
its close-to-nominal Type I error rate (0.05) and high power with sample sizes as small as 250 (Lopez 
Rivas et al., 2009). In contrast to the constrained baseline approach, the free baseline model has a null 
model where the paramters of all items across groups are allowed to be freely estimated, except for those 
of the linking items. This model is constructed under the assumption that all non-linking items have DIF. 
Then a series of alternative models are constructed where non-linking items are constrained one at time, 
based on the assumption that the studied item has no DIF (Wang et al., 2013). The log-likelihood chi-
square statistics are also obtained for model comparison, and an item has DIF if the log-likelihood of the 
null model is significantly greater than that of the alternative model. 
The Log-likelihood Ratio Test. The LR test has been shown to be a good testing method for model 
comparison. In previous studies, the LR test was found to have high power for DIF detection (Wang, 
2004; Stark et al., 2006a) and yield better results in general under GGUM, compared with other test 
methods such as the Akaike information criterion [AIC], Lord’s chi-square (Wang et al., 2013), and DFIT 
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(Carter & Zickar, 2011b). Therefore, in the current study, we adopted the LR test method for DIF 
detection. 
DIF Effect Size. Although long has been the most widely used and accepted paradigm for testing 
hypotheses, NHST is limited and flawed. For example, NHST is thought to be trivial because the null 
hypothesis can always be shown to be false to some extent (Cohen, 1990), and an effect can always be 
found if the sample is large enough (Nye, 2011). Also, NHST is criticized for using a cutoff value to turn 
a continuum into a dichotomous reject/do not reject decision (Kirk, 2006; Nye, 2011). Another major 
limitation of NHST is that it provides little information on the magnitude, value, or importance of an 
effect (Kirk, 2006). It is possible that statistically significant DIF actually only has negligible effect size, 
especially when the sample size is large. LaPalme and colleagues (2016), with both samples of more than 
500 people, found that 13 out of the 16 items contained significant DIF in the NHST paradigm, while 
according to DIF effect size, as many as 10 out of the 16 items had DIF that was too small to be 
meaningful (i.e., <.02; Cohen, 1992). 
In order to obtain more accurate information on measurement non-equivalence, we included the DIF 
effect size approach based on Nye (2011) in the current study. Nye’s DIF effect size method first 
computes the mean squared difference between conditional expected scores (Wang et al., 2013), and then 
divides it by the pooled standard deviation of Item i in the two groups (Nye, 2011), thus putting the area 
difference on the standardized metric comparable to other effect size measures like Cohen’s d. The pooled 
standard deviation is given by: 
( 1) ( 1)
( 1) ( 1)
R R F F
iP
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− + −  
Therefore, the DIF effect size can be interpreted the same way as Cohen’s d is interpreted (Nye, 
2011). The DIF effect size is given by: 
 d)ST = # /U)+V # WXX"Y $ −#WXX"T $ Z[T $ \$, 
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where fF(θ) is the ability density of the focal group with the mean and variance estimated from the 
transformed $ distribution (Nye, 2011). 
The Current Study 
The current study was designed to assess measurement equivalence of some facets of the CPS with 
data collected from the U.S. and the mainland China.  
Model-data fit was computed for the SGRM and the polytomous GGUM, and the source of misfit 
was explored by analyzing ICCs given by the two polytomous IRT models, as well the 2PLM and the 
dichotomous GGUM. The authors assessed DIF via the SGRM, the polytomous GGUM, and DIF effect 







Data were collected from the United States and the mainland China. 1183 American respondents 
finished the English-language version of the survey. 733 of them were undergraduate students from a 
large Midwestern university in the U.S., who enrolled in the study for course credit, and the rest were 
recruited from Amazon Mechanical Turk (MTurk). A total of 1654 Chinese undergraduate students from 
two universities in Nanjing, China took the Chinese-language of the survey.  
Three quality control items were randomly embedded in the survey, and those who didn’t answer 
them all correctly were dropped from the analysis. We ended up with an American sample of 861 
respondents (response rate = 72.78%; 66.5% females; mean age = 22.20 years; SD = 6.52). The racial 
makeup of the U.S. sample was 78.4% white, 7.8% African American, 6.4% Latino or Hispanic, 3.7% 
Asian, and 3.7% other. The final Chinese sample contained 1023 respondents (response rate = 61.85%; 
82.7% females; mean age = 19.95 years; SD = 0.82).   
Measures 
In the current study, we assessed ME of the Well-being facet of Neuroticism, and the Curiosity facet 
of Openness from the CPS (Wang, 2013). Responses were made using a 4-point Likert-type scale, 
ranging from 1 (Strongly Disagree) to 4 (Strongly Agree), without a neutral response option. Two 
undergraduate student from China studying in the United States translated the scales into Chinese, and 
two back translated. Both scales showed acceptable reliability in both groups (Well-being: α = .852 for 
the U.S. group, and α = .839 for the Chinese group; Curiosity: α = .748 for the U.S group, and α = .783 
for the Chinese group). 
Analyses 
Both the dominance model and the ideal point model assume unidimensionality, and therefore, we 
conducted an exploratory factor analysis (EFA) in SPSS to examine data dimensionality. According to 
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Reckase (1979), a scale is considered unidimensional if the first factor extracted accounted for at least 
20% of the total variance. Results of principal axis factoring showed that both the well-being and the 
curiosity scales met the unidimensionality assumption. The percentages of total variance explained by the 
first factor extracted in the U.S./Chinses samples were 31.2%/29.1% for Well-being, and 25.7%/34% for 
Curiosity. 
We first obtained GGUM item parameter estimates with the GGUM2004 software (Roberts et al., 
2000) for both groups and both scales, respectively, because the GGUM does not require reverse coding. 
Item parameter estimates and responses were then analyzed with the MODFIT software (Stark, 2007) to 
assess model-data fit based on the sample-size adjusted chi-square to degrees of freedom ratio computed 
for item singles, doubles, and triples. MODFIT generated the item characteristic curves (ICCs) at the 
same time, which were used to determine which items should be reverse coded before any analysis could 
be conducted with the dominance model. After negative items were reversed, the SGR model item 
parameters were then estimated with MULTILOG 7.0 software (Thissen, Chen, & Bock, 2003). Model-
data fit for the SGR model was also computed using MODFIT. Adequate fit is indicated by Chi-square-
to-degree-of-freedom ratios less than 3 (Tay, Ali, Drasgow, & Williams, 2011). Sources of misfit were 
explored by assessing the ICCs of potential intermediate items, both under polytomous and dichotomous 
IRT models. 
DIF NHST was conducted using a combination of the constrained and free baseline model approach. 
The constrained baseline model approach was first used to find DIF-free items, which were used as 
linking items in the free baseline model. The constrained baseline model is more conservative in detecting 
DIF-free items due to its inflated Type I error rate (Stark et al., 2006a), while the free baseline model is 
more effective in finding DIF items, because of the low Type I error rate and high power (Lopez Rivas et 
al., 2009). The log-likelihood ratio statistic was used for NHST, based on the finding (Wang et al., 2013) 
that the LR test performs consistently well with different types of data. DIF effect size was also computed 





We examined the model-data fit for the GGUM first, because unlike SGR, GGUM does not require 
reverse coding. Based on the ICCs given by MODFIT, we discarded items with flat characteristic curves 
in at least one of the groups, because they had poor discrimination and contained little information. Also 
based on the ICCs were decisions about which items to be reverse coded for the dominance models. If, as 
the latent trait level went up, the probability of the participants endorsing the item went down, then the 
item was considered a negative item, and reversed. 
The Well-being scale. Based on the ICCs, Items 6, 19, and 20 were excluded from further analyses 
because of low discrimination. More specifically, Items 6 and 20 were not discriminating enough for the 
Chinese group, while Item 19 had flat ICCs in the U.S. group. Among the remaining 17 items, 9 were 
reversed for both groups based on the ICCs as well as the loadings given by a one-factor CFA. Model fit 
was then obtained using theses 17 items for both GGUM and SGR, with negative items reversed for the 
latter. Results of the model fit analyses can be found in Table 1.  
Adequate fit is indicated by Chi-square-to-degree-of-freedom ratios less than 3 (Drasgow, Levine, 
Tsien, Williams, & Mead, 1995; Tay et al., 2011). Based on this criterion, as shown in Table 1, both 
GGUM and SGR exhibited good fit for item singles, but some misfit for item doubles and triples. In the 
current study, we focused on the fit of item doubles and triples. This is because that item singles are 
insensitive to misfit when item parameters and fit are computed using the same sample (Drasgow et al., 
1995).  
Item doubles and triples have been found to be sensitive to local dependence, and for a 17-item scale 
measuring a specific personality facet, local dependence is not rare (Chernyshenko et al., 2007), so a 
higher cutoff for misfit may be more proper (Speer et al., 2016). Also, if there’s misfit for more than one 
model, relative misfit of the two models can still be compared (Stark et al., 2006b), and as shown in Table 
!! 16!
1, for item singles, GGUM fitted slightly better than SGR in the U.S. group, while in the Chinese group, 
the two models showed equally good fit. In both groups, GGUM fitted better than SGR for item doubles. 
For item triples, in the U.S. group, SGR fitted only faintly better than GGUM, while in the Chinese 
group, GGUM fitted better than SGR.  
Considering that in general, for the Well-being scale, polytomous GGUM had better model fit than 
SGR, and that both models showed acceptable, if not satisfactory fit, we decided to keep both models for 
the DIF analyses. 
We believed that the source of the worse model fit for SGR was the unfolding items on the scale 
(Stark et al., 2006b). Unfolding items are non-monotonic, and thus violate the assumption of 
monotonicity underlying SGR and other dominance IRT models. GGUM, assuming non-monotonicity, is 
capable of modeling unfolding items and thus take advantage of the unfolding property of the item. To 
identify unfolding items, we went back to the ICCs and item parameter estimates, and noticed one item: 
Item 17 (“I am positive, but negative thoughts can conquer me sometimes”). Under GGUM, in both 
groups, Item 17 had discrimination parameters that were not large, yet acceptable (U.S: 0.82; CH: 0.83) 
and location parameters close to zero (U.S: -0.22; CH: -0.66). Moreover, across the two groups, a lot of 
the response option functions for this item were bell-curved (Figures 1-2). These characteristics are what 
one should expect from an item that is working as an unfolding/intermediate item. Another characteristic 
of an unfolding item is that it won’t be modeled very well by the dominance model, because of the non-
monotonicity. Sure enough, by examining the ICCs (Figures 3-4) and item parameters of Item 17 under 
SGR, we found that this model was unable to capture the unfolding property, producing minimal 
discrimination parameters (U.S.: 0.09; CH: 0.06), and extremely large difficulty parameters (U.S.: -20.67; 
CH: -43.52). To further assess the effects of Item 17 on model fit and relative model fit, we computed 
new model fit without Item 17 for the two models (Table 2). As expected, without the unfolding item, the 
model fit of SGR now became almost as good as GGUM, mainly due to the significant improvement of 
the model fit of SGR.  
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In order to examine the unfolding item more closely, we tried intensifying the unfolding pattern by 
having fewer response option functions (ROF) for each item (i.e., dichotomizing the response data). We 
went through the exact same process as with polytomous data, starting from examining model-data fit 
under GGUM with all 20 items. The only difference was that this time we kept Item 19, which was 
dropped before for low discrimination. Items 6 and 20 were deleted as under polytomous data, due to low 
discrimination. Model-data fit with these 18 items for both GGUM and 2PLM was computed, which can 
be found in Table 3. As shown in Table 3, both GGUM and 2PLM exhibited much better fit than with 
polytomous data. All combinations of group, model, and item types demonstrated adequate or almost 
adequate fit, except for item triples for the U.S. group under 2PLM, which showed some misfit, but 
nothing severe. Same as when with polytomous data, GGUM fitted generally better than 2PLM across 
two groups.  
Item 17 was again identified via GGUM ICCs and item parameter estimates as the only unfolding 
item. Under GGUM, the unfolding property of Item 17 was demonstrated through the large 
discrimination parameters (U.S.: 1.88; CH: 1.41), close-to-zero location parameters (U.S.: -0.01; CH: -
0.39), and steep bell-curved ICCs (Figures 5-6). 2PLM, similar to SGR, failed to model the unfolding 
item by having near zero discrimination (U.S.: 0.05; CH: 0.01), extremely large difficulty parameters 
(U.S.: -15.25, CH: -74.35) and flat ICCs’ (Figures 7-8). When Item 17 was dropped, the model fit of 
2PLM for item doubles and triples in both groups improved by more than 30% (Table 4), while the 
improvement for GGUM was trivial. 
The Curiosity scale. Item 1 was dropped before any analyses were carried out due to translation error. 
Items 10 and 12 were also dropped, because no participants endorsed “Strongly disagree”, which is a 
situation that GGUM2004 couldn’t deal with without combining response options. But we were unable to 
combine the responses of these two items, because MODFIT couldn’t handle scales with inconstant 
numbers of response categories. However, items having an option that no one endorsed was no problem 
for Multilog, so we kept these two items for analyses under SGR. We also excluded Items 9, 16, and 19 
from further analyses due to low discrimination in at least one group. To be more specific, Items 9 and 16 
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had low discrimination parameters for the U.S. group, and all 3 items had flat ICCs in the Chinese group. 
Model fit was then computed under GGUM with the remaining 14 items, and under SGR with 17 items 
(Items 10 and 12 were kept). Table 5 contains the model-data fit results. Both models showed some misfit 
for item doubles and triples across groups. Compared with SGR, GGUM showed worse fit in the U.S. 
group, but slightly better fit in the Chinese group.  
Given the fact that the data-model fit was not too bad, we decided to include both models in our DIF 
analyses.  
By examining the GGUM item parameters and ICCs, in the Chinese group, we were able to identify 
Item 13 (“I am as curious as anybody else I know”) as a weak non-monotonic item with a pretty low 
discrimination parameter (0.29), close-to-zero location parameter (-0.69), and bell-curved option response 
functions (Figure 9) for two of the response categories. The same item, under SGR, had option response 
functions (Figure 10) that were rather flat, a close-to-zero a-parameter (0.06), and an extreme b-parameter 
(-34.31). In the U.S group, however, no item showed identifiable non-monotonicity. All items had 
location parameters that were very far away from 0, demonstrating monotonicity rather than non-
monotonicity. Item 13 had similar ICCs under GGUM and SGM in the U.S. group (Figures 11-12). 
After Item 13 was removed, we recomputed model-data fit (Table 6). As shown in Table 6, GGUM 
still fitted worse than SGR for the U.S group, but for the Chinese group, SGR now fitted almost as well as 
GGUM, mainly because the model fit of GGUM got worse after the unfolding item was removed. 
Next, we dichotomized the response data for a clearer view of the unfolding item. 19 items were used 
(Item 1 was dropped due to inaccurate translation). Items 9, 13, and 16 showed poor discrimination, and 
thus were deleted. Item 13 was a weakly non-monotonic item under polytomous GGUM for the Chinese 
group. Interestingly, this time, Item 19 exhibited non-monotonicity. Note that Item 19 was deleted under 
polytomous GGUM due to low discrimination for the Chinese group. Under polytomous GGUM, 
although Item 19 had poor discrimination for the Chinese group, it was in fact non-monotonic in the U.S. 
group (Figure 13). 
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Therefore, model-data fit was computed in MODFIT without Items 1, 9, 13, and 16 (see Table 7). 
Again, dichotomous IRT models had much better fit than their polytomous counterparts, with all fit 
indices smaller than 3, indicating excellent fit. The GGUM fitted a little better than 2PLM. Item 19 was 
identified as an unfolding item in both groups under GGUM (Figures 14-15), with acceptable yet not 
large discrimination parameters (U.S.: 0.63; CH: 0.58), and close-to-zero location parameters (U.S.: 0.17; 
CH: -0.07). ICCs (Figures 16-17) of the same item under 2PLM showed that the model did not capture 
the non-monotonicity as well as dichotomous GGUM, but the general misfit was not worth worrying 
about. This was probably because that Item 19 was not that discriminating even under GGUM. When 
Item 19 was removed, fit became almost equally good for both models. 
DIF 
The Well-being scale. With the constrained baseline approach under polytomous GGUM, when we freed 
a different item each time, GGUM2004 reported multiple times that the matrices were too ill-conditioned 
and thus the inverse may have been inaccurate. Being unable to obtain trustworthy linking items, we 
turned to ICCs and effect sizes, and were able to identify at least one item as the linking item for the free 
baseline analysis. However, during the free baseline analysis, under polytomous GGUM, many of the 
matrices again turned out to have been too ill-conditioned to produce accurate results. Therefore, we had 
to drop the GGUM from our DIF analyses. 
Table 9 presents the DIF results obtained with SGR, and Nye’s DIF effect size measure for the Well-
being scale. Items 6, 19, and 20 were dropped from the analysis because they had low discrimination. 
Under SGR, all items had significant DIF according to the constrained baseline approach, and thus the 
item with the smallest negative twice the difference between log-likelihood after and before it was freed 
(31.8; critical value with Bonferroni correction: 16.06; df = 4) was chosen as the linking item for the free 
baseline approach. The free baseline approach, with an ideal Type I error rate, also identified all the non-
linking items as DIF items. Therefore, all items were flagged as DIF items under SGR using a NHST 
paradigm. However, based on Cohen’s (1992) guidelines for interpreting effect size, 4 out of the 17 items 
showed a negligible DIF effect size smaller than .2 (Items 3, 9, 16, and 17), 2 items exhibited moderate 
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DIF (i.e., .5 ≤ d < .8; Items 5 and 7), only 2 items exhibited large DIF (i.e., 0.8 ≤ d; Items 10 and 15), and 
the remaining 9 items showed small DIF (.2 ≤ d < .5).  
Although we were not able to compute DIF for the polytomous GGUM, we examined differential test 
functioning (DTF) by combining the test characteristic curves (TCC) of the two groups. As shown in 
Figure 18, under GGUM, the scale exhibited very small DTF, as the two pretty straight TCCs almost 
completely overlapped. DTF under SGR (Figure 19), on the other hand, was larger and non-uniform. To 
be more specific, when the well-being level was below 0, the Chinese participants had lower expected 
total score, whereas these scores became higher than the U.S. participants when the trait level was above 
0. The two TCCs were very slightly S-shaped under SGR. 
The Curiosity scale. For the Curiosity scale, with both baseline approaches, many of the matrices were 
reported to have been ill-conditioned, so eventually we had to exclude the GGUM from the analyses 
again. 
As shown in Table 10, when SGR was applied, except for Item 12, all the other items were found to 
have significant DIF. With the exact same set of items, according to DIF effect sizes, 4 out of the 17 items 
had negligible DIF (Items 2, 5, 7, and 20), 4 exhibited small DIF (Items 3, 6, 8, and 12), only 2 showed 
large DIF (Items 11 and 17), and the other 6 items exhibited moderate DIF. 
TCCs for the Curiosity scale were also computed for the two groups, and were combined to examine 
DTF (Figures 20-21). In general, under GGUM, the scale showed smaller DTF than under SGR, and DTF 
under both models was non-uniform. The two TCCs crossed at almost the same trait level (i.e., 
approximately -2.25) under the two models. Below this trait level, the Chinese participants had very 
slightly lower expected total scores than the American participants, but the trend reversed past this point, 





The current study revealed that GGUM and SGR had comparable model fit with the CPS data. For 
the Well-being scale, with as few as just one unfolding item showing properties of a good non-monotonic 
item, GGUM managed to achieve equally good or better fit than SGR across the two groups. For the 
Curiosity scale, GGUM fitted better than SGR in the Chinese group, while worse than SGR in the U.S. 
group. Removal of the unfolding item greatly improved the model fit of SGR. Although the model fit of 
GGUM improved slightly when the unfolding item was removed, the extent was a lot less than that of 
SGR. These findings were inconsistent with Speer et al. (2016), where SGR surpassed GGUM for items 
doubles and triples for all types of scales, even the non-monotonic scales. In their study, whether an item 
was non-monotonic was based on expert ratings. Since no ICCs or item parameters were presented in the 
Speer et al. (2016), we doubt whether items rated high in non-monotonicity actually worked as unfolding 
items (i.e., having unfolding ICCs, acceptable alpha paramters, and close-to-zero delta parameters). 
According to the current study, having more working unfolding items will likely to harm the fit for SGR, 
but not or not as much as for GGUM. 
The current study also demonstrated that the SGR, as a dominance IRT model, is applicable for DIF 
analysis of personality tests in a cross-cultural setting. However, when the sample size is large as in our 
study, the NHST paradigm became so sensitive that even a small DIF could lead to rejection to the null 
hypothesis. As a result, given by the log-likelihood ratio test, all items on the Well-being scale and 15 out 
of 16 items on the Curiosity scale were identified to have significant DIF across the two groups. When 
DIF effect sizes were examined with Nye’s (2011) method, not surprisingly, the Well-being and Curiosity 
scales each had only 2 items with large DIF, while all the other items flagged DIF under NHST only had 
small to moderate DIF.  
The fact that in our study, both scales were shown to have smaller DTF under GGUM than SGR, 
points out the importance of considering the use of GGUM in DIF analyses using personality data. 
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Apparently in the current study, according to GGUM, both the Well-being and the Curiosity scales are 
more equivalent cross cultures than when they are examined with SGR. 
Due to ill-conditioned matrices, we were not able to carry out the DIF analysis with constrained or 
free baseline approach under GGUM. This was because results obtained from ill-conditioned matrices 
could not be trusted. We were unable to find any studies mentioning getting ill-conditioned matrix 
warnings with GGUM2004, but problems have been reported of having singular or invertible matrices 
with the model, which led to the authors deleting those data sets from their simulation study (Carter & 
Zickar, 2011a). We would like to point out that, in GGUM2004, the warning for an ill-conditioned matrix 
will only appear in a command window, and stay on for about 2 seconds before the window closes 
normally. No warnings will be shown in the GGUM2004 output file, and all results, including the fit 
indices and time spent carrying out the analysis will be computed as usual. Therefore, when an automated 
program (e.g., constrained baseline models) is left running unsupervised in GGUM2004, it is possible that 
the results are inaccurate because of ill-conditioned matrices, yet the executive output still looks normal. 
We suggest that researchers supervise the whole process, and examine the item parameter standard errors 
carefully. Standard errors that are too large or too close to zero may indicate ill-conditioned matrices, but 
not necessarily. GGUM2004 should be improved upon so that output files could include warnings about 
singular or ill-conditioned matrices. Having to drop GGUM from the current study was disappointing. 
Future research 
In the future, simulation studies should be carried out, with the hope of identifying the factors that 
may cause singular or ill-conditioned matrices, and exploring solutions for such conditions other than 
simply giving up the model. This will be particularly important for studies using real data, where it’s 
almost impossible to delete the problematic data sets and proceed with the normal ones.  
More attention should be paid to applying the GGUM to real data, especially personality data 
obtained cross-culturally, rather than only to simulation studies. Moreover, how and why various types of 
unfolding, or intermediate items work or not work should be closely examined, given the importance of 
such items to the fit of the GGUM, which was demonstrated in the current study. 
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Conclusion 
Although by applying the dominance IRT model and NHST, we found significant DIF on almost all 
items on the Well-being and Curiosity scales of the CPS, DIF effect size measures told a different story 
by demonstrating that only 2 items on each scale had large DIF. Also, contrasted to LaPalme et al. (2016), 
and Speer et al. (2016), we found that the GGUM fitted better or almost as well as the dominance model, 
which is in line with previous studies advocating the application of GGUM in personality research (e.g., 










TABLES AND FIGURES 
Table 1  
Model fit for polytomous GGUM and SGR for the Well-being scale (Item 6, 19, and 20 dropped). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 17 0 0 0 0.001 0.003 
        Doubles 5 14 20 97 6.383 5.189 
        Triples 3 22 69 586 5.908 3.497 
  CHN       
        Singles 17 0 0 0 0 0 
        Doubles 10 9 14 103 6.241 5.541 
        Triples 2 24 64 590 6.062 3.342 
SGR       
   US       
        Singles 17 0 0 0 0.024 0.1 
        Doubles 7 9 23 97 7.016 6.763 
        Triples 3 27 77 573 5.891 3.792 
  CHN       
        Singles 17 0 0 0 0 0 
        Doubles 6 9 18 103 6.555 6.757 
        Triples 0 17 66 597 6.429 3.824 
Note: Good model-data fit is indicated by χ2/df smaller than 3. Both groups showed good fit for item singles, but some misfit for 




Model fit for polytomous GGUM and SGR for the Well-being scale (Items 6, 17, 19, and 20 dropped). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 16 0 0 0 0.001 0 
        Doubles 7 11 17 85 5.998 5.052 
        Triples 4 24 60 472 5.595 3.434 
  CHN       
        Singles 16 0 0 0 0 0 
        Doubles 9 10 12 89 5.885 4.419 
        Triples 2 14 49 495 5.827 2.768 
SGR       
   US       
        Singles 16 0 0 0 0.016 0.062 
        Doubles 7 10 21 82 5.628 4.631 
        Triples 3 29 77 451 5.142 3.136 
  CHN       
        Singles 16 0 0 0 0 0 
        Doubles 6 10 17 87 5.546 4.168 
        Triples 1 18 62 479 5.539 2.607 
Note: Good model-data fit is indicated by χ2/df smaller than 3. Both groups showed good fit for item singles, but some misfit for 
item doubles and triples. However, considering the prevalence of local dependence, the misfit is not too severe.  
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Table 3 
Model fit for dichotomous GGUM and 2PLM for the Well-being scale (Items 6 and 20 dropped). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 18 0 0 0 0 0 
        Doubles 118 9 3 23 1.383 3.89 
        Triples 452 92 66 206 2.315 3.982 
  CHN       
        Singles 18 0 0 0 0 0 
        Doubles 116 11 7 19 1.482 4.274 
        Triples 445 114 65 192 2.273 3.7 
2PLM       
   US       
        Singles 18 0 0 0 0 0 
        Doubles 114 6 5 28 2.298 8.717 
        Triples 379 103 65 269 3.956 8.301 
  CHN       
        Singles 18 0 0 0 0 0 
        Doubles 110 11 9 23 1.968 6.784 
        Triples 390 108 73 245 3.185 5.837 
Note: Good model-data fit is indicated by χ2/df smaller than 3. Under GGUM, both groups showed good fit, while under 2PLM, 




Model fit for dichotomous GGUM and 2PLM for the Well-being scale (Items 6, 17, and 20 dropped). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 17 0 0 0 0 0 
        Doubles 100 9 7 20 1.361 3.329 
        Triples 349 95 60 176 2.281 3.742 
  CHN       
        Singles 17 0 0 0 0 0 
        Doubles 106 8 6 16 1.336 4.079 
        Triples 378 106 60 136 2.101 3.625 
2PLM       
   US       
        Singles 17 0 0 0 0 0 
        Doubles 104 6 6 20 1.429 4.045 
        Triples 366 87 55 172 2.369 4.069 
  CHN       
        Singles 17 0 0 0 0 0 
        Doubles 105 8 6 17 1.359 4.105 
        Triples 377 98 63 142 2.122 3.629 




Model fit for polytomous GGUM and SGR for the Curiosity scale (Items 1, 9, 10, 12, 16, and 19 dropped for GGUM; Items 1, 9, 
16, and 19 dropped for SGR). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 13 1 0 0 0.081 0.303 
        Doubles 4 3 5 79 8.373 6.039 
        Triples 2 5 16 341 8.073 4.045 
  CHN       
        Singles 14 0 0 0 0 0 
        Doubles 3 9 7 72 5.876 3.959 
        Triples 2 8 31 323 5.684 2.533 
SGR       
   US       
        Singles 16 0 0 0 0.05 0.172 
        Doubles 11 8 16 85 6.484 5.07 
        Triples 3 27 51 479 6.188 3.129 
  CHN       
        Singles 16 0 0 0 0.029 0.115 
        Doubles 7 6 7 100 6.528 3.864 
        Triples 1 4 31 524 6.303 2.445 
Note: Good model-data fit is indicated by χ2/df smaller than 3. Both groups showed good fit for item singles, but some misfit for 
item doubles and triples under the two models. In general, the Chinese group had less severe misfit than the U.S. group. 
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Table 6  
Model fit for polytomous GGUM and SGR for the Curiosity scale (Item 1, 9, 10, 12, 13, 16, and 19 dropped for GGUM; Items 1, 
9, 13, 16, and 19 dropped for SGR). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 13 0 0 0 0.05 0.18 
        Doubles 4 3 5 66 7.901 6.204 
        Triples 2 4 19 261 7.478 3.981 
  CHN       
        Singles 13 0 0 0 0 0 
        Doubles 2 6 4 66 6.216 4.01 
        Triples 1 1 12 272 6.216 2.479 
SGR       
   US       
        Singles 15 0 0 0 0.005 0.019 
        Doubles 10 10 16 69 5.948 5.003 
        Triples 4 26 54 371 5.57 2.904 
  CHN       
        Singles 15 0 0 0 0.026 0.1 
        Doubles 6 6 4 89 6.553 3.911 
        Triples 0 4 16 435 6.58 2.505 
Note: Good model-data fit is indicated by χ2/df smaller than 3. Both groups showed good fit for item singles, but some misfit for 




Model fit for dichotomous GGUM and 2PLM for the Curiosity scale (items 1, 9, 13, and 16 dropped for both models). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 16 0 0 0 0 0 
        Doubles 96 6 6 12 0.912 2.748 
        Triples 340 84 49 87 1.486 2.49 
  CHN       
        Singles 16 0 0 0 0 0 
        Doubles 80 8 6 26 1.628 2.832 
        Triples 211 88 72 189 2.658 2.835 
2PLM       
   US       
        Singles 16 0 0 0 0 0 
        Doubles 98 3 7 12 0.916 2.851 
        Triples 341 82 48 89 1.506 2.527 
  CHN       
        Singles 16 0 0 0 0 0 
        Doubles 81 9 4 26 1.646 2.913 
        Triples 204 83 77 196 2.741 2.874 
Note: Good model-data fit is indicated by χ2/df smaller than 3. In both groups, adequate model fit is demonstrated across item 
singles, doubles, and triples.
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Table 8 
Model fit for dichotomous GGUM and 2PLM for the Curiosity scale (items 1, 9, 13, 16, and 19 dropped). 
 
Adjusted χ2 /df ratios 
Models, sample, and items Frequency of χ2 /df    Mean SD 
  <1 1<2 2<3 >=3   
GGUM       
   US       
        Singles 15 0 0 0 0 0 
        Doubles 83 5 4 13 1.021 2.941 
        Triples 260 70 43 82 1.656 2.617 
  CHN       
        Singles 15 0 0 0 0 0 
        Doubles 70 7 6 22 1.696 2.997 
        Triples 164 63 65 163 2.822 2.978 
2PLM       
   US       
        Singles 15 0 0 0 0 0 
        Doubles 84 3 6 12 1.016 2.993 
        Triples 261 71 41 82 1.652 2.634 
  CHN       
        Singles 15 0 0 0 0 0 
        Doubles 70 8 3 24 1.709 3 
        Triples 162 66 64 163 2.854 2.981 
Note: Good model-data fit is indicated by χ2/df smaller than 3. In both groups, adequate model fit is demonstrated across item 
singles, doubles, and triples.
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Table 9 
DIF results obtained via SGR and DIF effect size for the Well-being scale (Items 6, 19, and 20 were deleted). 
 
  SGR DIF Effect Size 
Item 1  I often feel depressed. O 0.467 
Item 2 I sometimes find myself thinking negative thoughts. O 0.324 
Item 3 I would say that I am happy more often than most other people. O 0.172** 
Item 4 I tend to react negatively to life events. O 0.304 
Item 5 I'm unhappy that life is unfair to me. O 0.569 
Item 7 I feel I am always treated unfairly. O 0.686 
Item 8 I easily feel discouraged. O 0.285 
Item 9 I am about as well off in life as most people. O 0.095** 
Item 10 Usually I will not allow negative thoughts to occupy my mind for a long time. O 0.823 
Item 11 I believe I can lead a life without regrets. O 0.381 
Item 12 I feel confident about my ability to do most things. O 0.499 
Item 13 It is difficult for me to make through misfortunes in my life. O 0.424 
Item 14 Bad things happen in life, but I can handle it pretty well. O 0.361 
Item 15 I see difficulties all around me. O 1.029 
Item 16 I tend to be a pessimistic person. O 0.175** 
Item 17 I am positive, but negative thoughts can conquer me sometimes. O 0.028** 
Item 18 I would consider myself an optimistic person. O 0.262 



















DIF results obtained via SGR and DIF effect size for the Curiosity scale. 
 
  SGR DIF Effect Size 
Item 2 I learn new things only when I have to. O 0.112** 
Item 3 I am not really interested in new technology. O 0.307 
Item 4 I am usually intrigued by what I learn in classes. O 0.643 
Item 5 I only care about information that is relevant to me. O 0.079** 
Item 6 I sometimes try new things just so I can learn more about them. O 0.270 
Item 7 I can be persuaded to try some new things, but most of the time I am reluctant to do so. O 0.142** 
Item 8 I sometimes read non-fiction books to learn something new. O 0.322 
Item 10 I am interested in what is happening around the world. O 0.616 
Item 11 I am excited about new knowledge. O 1.108 
Item 12 I like to learn new things whenever I have time. X 0.323 
Item 13 I am as curious as anybody else I know. O 0.603 
Item 14 I am not curious about the things that I don't know. O 0.717 
Item 15 I would prefer a job where I don't have to learn anything new. O 0.656 
Item 17 I am fascinated by science. O 1.246 
Item 18 I am not interested in learning new things. O 0.635 
Item 20 I try new restaurants only when other people recommend them. 
 
O 0.114** 








Fig. 1. IRT item characteristic curves of Item 17 under GGUM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line represents the 
response function that derives from the model. Vertical bars stand for the standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), 
and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 






Fig. 2. IRT item characteristic curves of Item 17 under GGUM for the Chinese group. Note: the orange line represents the empirical response function, and the blue line represents 
the response function that derives from the model. Vertical bars stand for the standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), 
and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 






Fig. 3. IRT item characteristic curves of Item 17 under SGR for the U.S. group. Note: the orange line represents the empirical response function, and the blue line represents the 
response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical 
axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), and 4 
(strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 







Fig. 4. IRT item characteristic curves of Item 17 under SGR for the Chinese group. Note: the orange line represents the empirical response function, and the blue line represents 
the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), 
and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 
agree). As shown in the plots, SGR failed to capture the unfolding characteristic of the data, especially for “Disagree”, and “Agree”. As shown in the plots, SGR failed to capture 





Fig. 5. IRT item characteristic curves of Item 17 under dichotomous GGUM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line 
represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, 
and the vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plot, the GGUM 





Fig. 6. IRT item characteristic curves of Item 17 under dichotomous GGUM for the Chinese group. Note: the orange line represents the empirical response function, and the blue 
line represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to 
+3.0, and the vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plots, the 






Fig. 7. IRT item characteristic curves of Item 17 under 2PLM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line represents the 
response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical 
axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plot, the dominance model was 





Fig. 8. IRT item characteristic curves of Item 17 under 2PLM for the Chinese group. Note: the orange line represents the empirical response function, and the blue line represents 
the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plot, the dominance 






Fig. 9. IRT item characteristic curves of Item 13 under polytomous GGUM for the Chinese group. Note: the orange line represents the empirical response function, and the blue 
line represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to 
+3.0, and the vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 
(disagree), 3 (agree), and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 
(agree), and 4 (strongly agree). As shown in the plots, SGR failed to capture the unfolding characteristic of the data, especially for “Disagree”, and “Agree”. As shown in the plots, 







Fig. 10. IRT item characteristic curves of Item 13 under SGR for the Chinese group. Note: the orange line represents the empirical response function, and the blue line represents 
the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), 
and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 
agree). As shown in the plots, SGR failed to capture the unfolding characteristic of the data, especially for “Disagree”, and “Agree”. As shown in the plots, SGR did not do a good 






Fig. 11. IRT item characteristic curves of Item 13 under polytomous GGUM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line 
represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, 
and the vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 
(agree), and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 







Fig. 12. IRT item characteristic curves of Item 13 under SGR for the U.S. group. Note: the orange line represents the empirical response function, and the blue line represents the 
response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical 
axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 (agree), and 4 
(strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 (strongly 







Fig. 13. IRT item characteristic curves of Item 19 under polytomous GGUM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line 
represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, 
and the vertical axis represents the probability of positive responses from 0 to 1. Respondents responded to the survey on a scale consisting of 1 (strongly disagree), 2 (disagree), 3 
(agree), and 4 (strongly agree), but MODFIT requires that responses start from 0, and thus in the plots, the responses consist of 0 (strongly disagree), 1 (disagree), 2 (agree), and 4 
(strongly agree). As shown in the plots, SGR failed to capture the unfolding characteristic of the data, especially for “Disagree”, and “Agree”. According to the plots, the item is an 







Fig. 14. IRT item characteristic curves of Item 19 under dichotomous GGUM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line 
represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, 
and the vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plots, the 






Fig. 15. IRT item characteristic curves of Item 19 under dichotomous GGUM for the Chinese group. Note: the orange line represents the empirical response function, and the blue 
line represents the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to 
+3.0, and the vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plots, the 








Fig. 16. IRT item characteristic curves of Item 19 under 2PLM for the U.S. group. Note: the orange line represents the empirical response function, and the blue line represents the 
response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical 





Fig. 17. IRT item characteristic curves of Item 19 under 2PLM for the Chinese group. Note: the orange line represents the empirical response function, and the blue line represents 
the response function that derives from the model. Vertical bars stand for standard error. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the 
vertical axis represents the probability of positive responses from 0 to 1. In the plots, the responses consist of 0 (disagree), and 1 (agree). As shown in the plot, 2PLM failed to 





Fig.18. IRT test characteristic curves (TCCs) of the Well-being scale under polytomous GGUM for the U.S. and the Chinese groups. Note: the red line represents the TCC of the 
Chinese group, and the green line represent the TCC of the U.S. group. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical axis 
























Fig.19. IRT test characteristic curves (TCCs) of the Well-being scale under SGR for the U.S. and the Chinese groups. Note: the red line represents the TCC of the Chinese group, 
and the green line represent the TCC of the U.S. group. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical axis represents the expected 
























Fig.20. IRT test characteristic curves (TCCs) of the Well-being scale under polytomous GGUM for the U.S. and the Chinese groups. Note: the red line represents the TCC of the 
Chinese group, and the green line represent the TCC of the U.S. group. The horizontal axis “Theta” represents the latent continuum from -3.0 to +3.0, and the vertical axis 

























Fig.21. IRT test characteristic curves (TCCs) of the Well-being scale under SGR for the U.S. and the Chinese groups. Note: the red line represents the TCC of the Chinese group, 
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